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ABSTRACT: The fast decline of Arctic sea ice necessitates a stronger focus on understanding the Arctic sea ice predictability and developing advanced forecast methods for all seasons and for pan-Arctic and regional scales. In this study, the
operational forecasting system combining an advanced eddy-permitting ocean–sea ice ensemble reanalysis ORAS5 and
state-of-the-art seasonal model-based forecasting system SEAS5 is used to investigate effects of sea ice dynamics and thermodynamics on seasonal (growth-to-melt) Arctic sea ice predictability in 1993–2020. We demonstrate that thermodynamics
(growth/melt) dominates the seasonal evolution of mean sea ice thickness at pan-Arctic and regional scales. The thermodynamics also dominates the seasonal predictability of sea ice thickness at pan-Arctic scale; however, at regional scales, the
predictability is dominated by dynamics (advection), although the contribution from ice growth/melt remains perceptible.
We show competing inﬂuences of sea ice dynamics and thermodynamics on the temporal change of ice thickness predictability from 1993–2006 to 2007–20. Over these decades, there was increasing predictability due to growth/melt, attributed
to increased winter ocean heat ﬂux in both Eurasian and Amerasian basins, and decreasing predictability due to advection.
Our results demonstrate an increasing impact of advection on seasonal sea ice predictability as the region of interest
becomes smaller, implying that correct modeling of sea ice drift is crucial for developing reliable regional sea ice predictions. This study delivers important information about sea ice predictability in the “new Arctic” conditions. It increases
awareness regarding sea ice state and implementation of sea ice forecasts for various scientiﬁc and practical needs that
depend on accurate seasonal sea ice forecasts.
KEYWORDS: Sea ice; Arctic; Climate change; Seasonal forecasting; Climate prediction

1. Motivation
The fast decline of Arctic sea ice became the major indicator of global climate change, with consequences for, among
others, Arctic exploration and exploitation of natural resources, shipping and commercial transits (Melia et al. 2016), living habitats, ecosystem structure, and stability. The Arctic
summer sea ice extent has declined by roughly a half since the
1970s. For every year since 2007, the annual minimum of sea
ice extent in September has been lower than in any other year
before 2007 (Stroeve and Notz 2018). The reduced ice cover
becomes thinner (Lindsay and Schweiger 2015), younger
(Kwok 2018), and more mobile (Rampal et al. 2011). By midcentury, the Arctic will likely become summer ice-free
under business-as-usual emission scenarios according to Coupled Models Intercomparison Project (CMIP) projections
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(Sigmond et al. 2018; Notz and Stroeve 2016; Wang and Overland 2012). Thus, urgent action is needed to better understand
Arctic sea ice predictability and to develop advanced forecast
methods for all seasons at pan-Arctic and regional scales
(Eicken 2013).
Community efforts in advancing capabilities to predict Arctic sea ice were consolidated by the Sea Ice Outlook (https://
www.arcus.org/sipn/sea-ice-outlook), which, starting from
2008, collects and synthesizes predictions of summer sea ice
extent, with now over 500 predictions based on dynamical
modeling and statistical and heuristic methods. An important
outcome of this initiative is an improved understanding of
processes driving sea ice predictability (Hamilton and Stroeve
2016). Particularly, they found that for extreme years when
sea ice extent departs far from its downward long-term trend,
predictions showed lower skill; a lack of statistically signiﬁcant
differences for July and August absolute prediction errors
suggests that the increased predictive skill in normal years is
not connected to the selected lead time. Sensitivity of predictions to initial conditions such as sea ice thickness (e.g., Day
et al. 2014; Blanchard-Wrigglesworth et al. 2017), melt pond
fraction (Schröder et al. 2014), and timing of sea ice retreat
(Stroeve et al. 2016; Petty et al. 2017) was emphasized. Oceanic conditions such as inﬂux of heat through the Bering Strait
also play an important role in the predictability of Arctic sea
ice state (Serreze et al. 2016a). In that, synoptic-scale
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predictability of the sea ice state is limited given the known
(7–10 days) limits of predictability of weather conditions (e.g.,
Blanchard-Wrigglesworth et al. 2011a; Serreze et al. 2016b).
Longer (e.g., seasonal) predictability of the mean sea ice state
resides in the slowly (and more deterministic) changing ocean
thermodynamic conditions and low-frequency coupled ocean–
atmosphere modes of variability (e.g., Lindsay et al. 2008).
Still, whether the new state of the Arctic climate system would
enhance or restrain predictability of the seasonal evolution of
the sea ice has remained largely unknown.
In this study, we combine results of observations, state-ofthe-art reanalysis, and seasonal forecasts of Arctic sea ice to
demonstrate competing inﬂuences of dynamics and thermodynamics on the change of sea ice thickness predictability from
the period 1993–2006 to the period 2007–20. The assessment
of changes to Arctic sea ice predictability is carried out here
using an operational seasonal forecasting system, rather than
idealized experiments as in Tietsche et al. (2013) or Holland
et al. (2019). We start this paper with a brief introduction
(section 2) describing changes relevant to sea ice state in all
physical components of the Arctic climate system. Descriptions of data and methods are provided in section 3. Then, in
section 4, we demonstrate the ability of the reanalysis to capture major high-latitude changes in recent decades. Next, in
section 5, we discuss predictability (including the role of
dynamics and thermodynamics) of the Arctic sea ice thickness
over the growth-to-melt season and the change of predictability from 1993–2006 to 2007–20. A discussion (section 6) summarizes our ﬁndings, placing them in a broader context.

2. Introduction
a. Changes in Arctic atmospheric and ice dynamics
Arctic atmospheric circulation and sea ice drift have exhibited dramatic changes during past decades in conjunction with
the accelerating warming of the Arctic. For example, the leading atmospheric circulation pattern associated with the largescale Arctic Oscillation reﬂects the strength of the polar vortex (Thompson and Wallace 1998). In the late 1980s to early
1990s, a high state of the Arctic Oscillation contributed to a
reduction of Arctic sea ice (e.g., Rigor and Wallace 2004). In
the 2000s, the strengthened atmospheric high over the Amerasian Basin and low sea level pressure in the eastern Arctic
during the negative (anticyclonic) Arctic Oscillation phase
enhanced the surface anticyclonic Beaufort Gyre and Transpolar Drift, which together move ice and cold fresh upper
ocean waters from the Siberian shelf across the central Arctic
toward Fram Strait. This atmospheric circulation pattern
increased atmospheric heat transport into the Arctic, reducing
sea ice coverage there (e.g., Zhang et al. 2008; Graversen et al.
2011). The Arctic Oscillation alternates with another pattern
called the Arctic dipole pattern, in which persistently high
pressure is observed over the Beaufort Sea and low pressure
over the Kara and Laptev Seas (e.g., Wu et al. 2006). Both
these patterns resulted in a poleward shift in storm tracks
and an intensiﬁcation of storm activity in recent years and
were suggested as important drivers in sea ice reduction
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(e.g., Zhang et al. 2004; Serreze and Barrett 2008; Sorteberg
and Walsh 2008; Simmonds and Keay 2009).
However, in the 2010s, the Arctic Oscillation underwent a
drastic spatiotemporal shift. Since 2014–15, the sea level pressure over the Beaufort–Chukchi region was steadily decreasing in winter months (Ballinger et al. 2021), with a “collapse”
of the Beaufort high in winter 2016–17 (Moore et al. 2018;
Babb et al. 2020). This collapse was characterized by the lowest western Arctic sea level pressure since 1979 and associated
with winter-long reversal of the surface winds and sea ice drift
(Moore et al. 2018). This tendency toward lower sea level
pressure in the western Arctic culminated in 2020 when the
Arctic Oscillation index reached record-high value of 2.83,
with remarkable persistence of the extremely anomalous Arctic Oscillation over all winter months (Ballinger et al. 2021).
Winter 2020 was also characterized by unusually frequent
storms and anomalous westerly winds driving an eastward ice
drift across the Amerasian Basin toward Fram Strait (Ballinger et al. 2021). Attenuation of the Beaufort Gyre increases
the residence time of ice in the region and, consequently, ice
accretion due to growth and deformation (Babb et al. 2020).
As we will see later, the changes in sea ice dynamics in recent
years altered predictive skills of the seasonal sea ice evolution
forecasts.

b. Contrasting regional oceanic changes
Observations in the 2010s have captured unprecedented
changes in the Eurasian Basin (EB) of the Arctic Ocean, likely
representing a fundamental shift to a new, more dynamic environment (for geographical names, see Fig. 1). For example, in
2013–18 a notable warming and saliniﬁcation compared to the
climatological mean were found in the halocline (60–150 m), a
layer of cold fresher water isolating the heat associated with
the intruding underlying (150–900 m) warm (temperature .
08C) and salty Atlantic Water (AW) from the surface mixed
layer (SML) and from sea ice. The combination of weaker and
thinner halocline and shoaling of the AW, coupled with net
loss in ice volume, has allowed progressively deeper winter
ventilation in the eastern EB (Polyakov et al. 2017, 2020a).
This ventilation has resulted in enhanced upward AW heat
ﬂuxes, which were sufﬁciently large to contribute substantially
to the recently diminished sea ice cover (Polyakov et al. 2017,
2020a). In that, the role of oceanic heat becomes dominant
(compared with atmospheric contribution) in melting EB sea
ice (Polyakov et al. 2020a), potentially leading to enhanced
predictability of seasonal thermodynamic sea ice changes in
this region.
Note that the release of heat from the ocean interior is very
seasonal and is related to the winter sea ice formation associated with salt expelled from ice into the water, as evidenced
by observational (e.g., Polyakov et al. 2017, 2020a; PérezHernández et al. 2019) and model-based studies (e.g., Ivanov
et al. 2018; Athanase et al. 2020). This brine-enriched water is
heavier and sinks (this mixing process is called winter convection). In the absence of a strong halocline, the cold salty water
mixes much more efﬁciently with the AW. As a result, this
AW heat is then transferred upward to the bottom of sea ice,
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3. Data and methods
a. ORAS5 reanalysis and SEAS5 forecasts

FIG. 1. Arctic Ocean map with three regions identiﬁed: the Eurasian Basin subregion (EBe; blue), abyssal Amerasian Basin (ABa;
light red), and slope Amerasian Basin (ABs; dark red) are indicated (ABa and ABs are separated using a value of available potential energy; the corresponding isoline is shown in Fig. 2f). The
Lomonosov Ridge (LR), Novosibirskiye Islands (NI), Severnaya
Zemlya (SZ), Franz Joseph Land (FJL), Svalbard (SV), Makarov
Basin (MB), and Fram Strait (FS) are also indicated. Pathways of
intermediate Atlantic Water (AW) and Paciﬁc Water (PW) are
shown by red and purple arrows.

limiting the amount of ice that can form during winter. The
maximum depth of the winter convection is reached in late
April–early May. Winter decrease of the rate of sea ice formation due to oceanic heat should have a direct impact on the
state of the sea ice cover through the summer melting season.
That provides a predictive scale for the seasonal thermodynamically driven sea ice evolution of several months.
By contrast, in the Amerasian side of the Arctic enhanced
freshening and deepening of the surface fresh layer due to
local processes like sea ice melt, redirection of Siberian riverine waters into the Beaufort Gyre, and intensiﬁcation of Arctic high and wind-driven convergence of the upper ocean
(e.g., Yamamoto-Kawai et al. 2009; Morison et al. 2012;
Proshutinsky et al. 2009; McPhee et al. 2009) make the separation between the surface and deep layers more pronounced.
As the pool of freshwater grows, it limits mixing and the heat
transfer from the ocean interior to the surface, diminishing
the role of ocean thermodynamics. On the other hand, effects
of increasing inﬂux of warm Paciﬁc Water (PW; a key constituent of halocline in the AB) through the Bering Strait
(Woodgate 2018) are well pronounced at the deep basin’s
margins where PW enters the basin interior (e.g., Polyakov
et al. 2020b; Danielson et al. 2020) and then spreading into
the Beaufort Gyre interior (Proshutinsky et al. 2019). Shimada et al. (2006) and Serreze et al. (2016a) emphasized the
important role of the PW heat for the sea ice edge position in
the Chukchi Sea and beyond into the Beaufort Sea. Thus, we
argue that, similar to the effect of AW, improved predictive
skills should be expected in the southern AB under the
impact of an anomalously strong inﬂux of PW.

We use data from the European Centre for Medium-Range
Weather Forecasts (ECMWF) Ocean Reanalysis System 5
(ORAS5) and its near real-time extension OCEAN5 (Zuo
et al. 2019). The ocean model of ORAS5 has an eddy-permitting horizontal resolution 0.258. Vertical resolution decreases
from 1 m in the very top to ∼5 m around 50-m depth to ∼20 m
around 210 m, with 31 of the total 75 layers lying above
210 m. Coarser resolution in deeper layers is not problematic
for simulating oceanic heat content [see, e.g., the appendix of
Polyakov et al. (2003)] but may be a limiting factor for simulating oceanic heat ﬂuxes. It includes the thermodynamic–dynamic
sea ice model LIM2. ORAS5 has ﬁve ensemble members that
cover the period since 1979. Atmospheric forcing of ORAS5
comes from ERA-Interim (Dee et al. 2011) up to 2016 and the
ECMWF operational analysis afterward (Mayer et al. 2019).
The forecast model is ECMWF’s seasonal forecast system
SEAS5 (Johnson et al. 2019), which has been operational since
2017. SEAS5 forecasts consist of a 51-member ensemble
(7 months lead time) and a 15-member extension (13 months
lead time). Here we use forecasts initialized on 1 February.
Since we are interested in the sea ice thickness evolution up to
September (corresponding to 8-month-long forecasts), we
mainly draw on the 15-member extension of the SEAS5 forecasts. For diagnostics on shorter time ranges we checked results
using the larger ensemble to conﬁrm their robustness. Operational forecasts are combined with historical forecasts to cover
the period 1993–2020. Note that while many other studies (e.g.,
Bushuk et al. 2020) focus on predictability of sea ice area, we
focus on predictability of sea ice thickness.

b. Estimating vertical oceanic heat fluxes
Vertical ocean heat ﬂux Fh(z) is driven by convergence of
lateral ocean heat transports, most notably in the Atlantic
water layer. We estimate Fh(z) from ORAS5 as a residual by
integrating the ocean energy budget (Mayer et al. 2019) over
the layer of strong lateral heat convergence:

z
 z
Fh (z) ≈2 r0 cp $ · v(z)u(z)dz 2 r0 cp
u(z)dz:
t z0
z0
In the above equation, r0 is seawater density (1026 kg m23),
cp the speciﬁc heat of seawater (3996 J kg21 K21), v the ocean
current vector, and u ocean potential temperature. The ﬁrst
term on the right is lateral ocean heat convergence between z
and z0, and the second term on the right represents ocean
heat content changes between z and z0. For the time series of
Fh(z) used in this study, we choose z = 50 m, roughly representing the depth of the SML, and z0 = 210 m, which is a layer
not affected by winter upper ocean ventilation. Vertical cross
sections of Fh(z) presented in our analysis were computed
using different height of the water column z for the integration. Note that technical evaluation of the right-hand side
gives the divergence of the vertical heat ﬂux, but it is a reasonable assumption that all heat convergence in the layer is translated to an upward heat ﬂux at the top of the layer. The
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advantage of this approach instead of integrating from the
ocean bottom to z is that we do not accumulate inaccuracies
over the deep ocean where signals are small. Vertically
resolved currents and temperature are only archived for
ORAS5 at the required spatial and temporal resolution, but
not for SEAS5. Hence, this diagnostic can only be presented
based on reanalysis data.

c. Sea ice budget
SEAS5 archives daily averaged effective (i.e., gridpointaveraged) ice thickness ﬁelds, which allows to compute accurate monthly total effective thickness tendencies dH/dtTot.
SEAS5 also archives monthly accumulated thermodynamic
contribution to thickness changes dH/dtTh. Combining
these terms allows indirect computation of the dynamic
contribution dH/dtAd to monthly thickness changes via
dH/dtAd = dH/dtTot 2 dH/dtTh.

d. Predictable component
Evaluation of predictability of seasonal evolution of the
Arctic sea ice thickness is done using the predictable component (PC) of the model (Eade et al. 2014). The PC estimates
the fraction of variability that is potentially predictable by
computing the temporal standard deviation (across start
dates) of the forecast ensemble means normalized by the
spread of all individual ensemble members from all start
dates: PC  sensmean =stotal . In the limit of a perfectly predictable system, all ensemble members for each forecast would be
identical and then stotal = sensmean and PC = 1. In the other
extreme, if the ensemble contains no useful information, one
would expect the ensemble means across start dates to be identical as random variations across ensemble members are averaged out; then, sensmean = 0 and PC = 0. Thus, PC is #1 and $0
by deﬁnition. Note that we purposely avoid direct comparison
with observations because this would require bias correction
and detract attention from the focus on relative inﬂuence of
processes (thermodynamics and dynamics) on predictability.
Changes in predictability are diagnosed by comparing PCs
computed separately for the two 14-yr-long early (1993–2006)
and late (2007–20) subperiods of our full study period. This
choice is motivated by the fact that 2007 was the ﬁrst year
with very low summer sea ice extent, reﬂecting changes
toward the “new Arctic” (e.g., Carmack et al. 2015) and their
potential impact on sea ice predictability.

e. Available potential energy
Available potential energy (APE) is a good integral indicator of changes in strength of stratiﬁcation in the upper ocean
including halocline and surface mixed layer. For each vertical
proﬁle, it is calculated as
 z2
APE 
g(rref 2 r)z dz,
z1

where z2 is the surface and z1 is the depth of the halocline
base, g is the gravity acceleration, rref is potential density at z1
(in our case it is the base of the halocline), and r is potential
density at depth level z. An increase (a decrease) of APE
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in time indicates strengthening (weakening) of oceanic
stratiﬁcation.

f. Sea ice drift vectors
We used monthly sea ice motion vectors based on the Polar
Pathﬁnder Daily 25 km EASE-Grid Sea Ice Motion Vectors
product in version 4.1 (NSIDC-0116; Tschudi et al. 2020).
Input data used to generate daily and weekly sea ice motion
estimates are the AVHRR, AMSRE, SMMR, SSMI, and
SSMI/S satellite sensors, International Arctic Buoy Programme
(IABP) buoys, and NCEP–NCAR reanalysis forecasts. Data
are available online at https://icdc.cen.uni-hamburg.de/en/
seaicedrift-satobs-global.html.

4. Simulated response of Arctic sea ice and upper ocean
to climate change
In this study, we analyze the Arctic sea ice response to
dynamic and thermodynamic forcing and predictability of the
sea ice state utilizing results of state-of-the-art ocean analysis
and seasonal prediction systems. First, we demonstrate that
the ocean reanalysis ORAS5 captures the pattern of major
high-latitude changes evident from observations (cf. Uotila
et al. 2019). Second, we show that these changes lead to an
alteration of regional seasonal predictability of the sea ice in
comparison to the past. To demonstrate this, we use seasonal
forecasts from SEAS5.

a. Change of upper ocean thermohaline state in ORAS5
According to the ORAS5 reanalysis, there is a nearly ubiquitous pattern of warming and freshening of the upper 50 m
in 1993–2017 (Figs. 2a,b), which is consistent with recent
observations (Tables 1 and 2; see also Polyakov et al. 2020b,
their Fig. 9). For these comparisons, observational estimates
are obtained following the method and using the same data as
in Polyakov et al. 2018. Particularly, available potential
energy (APE; see deﬁnition in section 3) is used here as an
integral indicator of changes in Arctic halocline and surface
mixed layer strength (Polyakov et al. 2018). These changes
result from ampliﬁed atmospheric thermodynamic forcing
(e.g., Carmack et al. 2015). We note that, while the pattern of
surface warming and freshening is well captured by the
model, the magnitude of the observed changes is signiﬁcantly
underestimated (Table 2). Warming in the deeper (halocline
and AW) layers is attributed to the advected heat of the
Atlantic and Paciﬁc origins (e.g., Polyakov et al. 2020b). Salinity (Figs. 2c,d) and stratiﬁcation (Figs. 2e–g) changes derived
from reanalysis show striking regional differences. Particularly, in the EB, shoaling of the AW layer and injection of
saltier and denser water from the Barents Sea into the EB
halocline makes this layer of the ocean saltier (Table 2),
denser and, as a result, less stratiﬁed and more susceptible to
mixing. These simulated changes are highly consistent with
mooring observations (e.g., Polyakov et al. 2020b; see their
Figs. 7 and 8, and our Tables 1 and 2), providing strong support for the reanalysis-based results. At the same time, the
reanalysis shows that the upper central AB has become more
stratiﬁed (Table 1), thus constraining communication between
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FIG. 2. ORAS5-based depth vs latitude sections of 1993–2017 trends of annual (a),(b) temperature (8C yr21) and
(c),(d) salinity (psu yr21) in the (a),(c) Eurasian Basin (EB) and (b),(d) Amerasian Basin (AB) of the Arctic Ocean.
(e) Time series of available potential energy (APE) anomaly relative to the 1993–2017 mean (J m22) in the upper
ocean (SML 1 halocline) averaged over the EB and AB. Dotted lines show 95% conﬁdence intervals. Also shown are
maps of (f) 1993–2017 mean APE (J m22) and (g) APE annual linear trends (J m22 yr21); in (f), a solid black line
identiﬁes the boundary between ABs and ABa subregions of the AB; hatching in (g) is added where trends are not statistically signiﬁcant following Student’s t test.
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TABLE 1. Regional Arctic 1993–2017 means (plus and minus two standard errors) from ORAS5 and observations for the EB’s
region EBe and AB’s abyss and slope regions ABa and ABs. The top section shows surface mixed layer (SML) means of potential
temperature u and salinity S. The bottom sections shows halocline means of potential temperature u, salinity S, and available
potential energy APE.
EB region

AB region

ORAS5

Obs

ORAS5

Obs

Arctic surface mixed layer (0–50 m)
u (8C)
S (psu)

21.52 6 0.02
33.23 6 0.03

20.83 6 0.20
32.39 6 0.30

21.31 6 0.03
29.85 6 0.05

21.06 6 0.24
28.92 6 0.38

Arctic halocline (75–150 m)
u (8C)
S (psu)
APE (0–150 m) (105 J m22)

20.62 6 0.01
34.51 6 0.00
0.24 6 0.02

21.35 6 0.12
33.72 6 0.12
0.14 6 0.06

21.03 6 0.01
32.73 6 0.02
0.92 6 0.03

21.21 6 0.06
32.19 6 0.11
1.93 6 0.19

the surface and underlying waters and limiting vertical mixing.
The estimated annual trend derived from simulations is lower
compared with the one from observations (Table 2), which
should have no major impact on already negligible AW heat
ﬂuxes in the central AB (e.g., Carmack et al. 2015). Contrasting changes of the simulated APE trends over 1993–2017
toward weaker stratiﬁcation in the upper EB are also consistent with the recent observational ﬁndings (cf. similar annual
EB APE trends obtained from simulations and observations;
Table 2). Note that, similar to observations, the magnitude of
the simulated APE trends in the AB is greater than in the
EB. It is important for the discussion here that there is a clear
advective pattern of change in time of the simulated APE
associated with anomalous inﬂux of AW in the EB and PW in
the AB (Fig. 2g)}a process referred to as borealization of
the Arctic Ocean (Polyakov et al. 2020b). The effects of
increasing inﬂux of PW through the Bering Strait are well pronounced at the basin’s periphery where PW enters the polar
basin (Fig. 2g).

b. Heat fluxes in ORAS5
Yet again, the ORAS5 reanalysis shows contrasting
regional changes of heat ﬂux Fh (see section 3) from the ocean
interior, which are highly consistent with observations (Carmack et al. 2015, their Table 1). Particularly, weaker halocline
in the EB than in the AB fosters stronger heat exchanges

between the ocean interior and the SML and sea ice so that
the simulated Fh at the base of the EB winter SML (50 m)
exceeds those in the AB (Figs. 3a,b,g,h; areas used for Fh estimates are indicated in Fig. 1; they are closely related to the
regional spatial patterns of APE in Figs. 2f,g). Furthermore,
the simulated weakening of halocline stratiﬁcation in the EB
and increasing inﬂux of AW heat through Fram Strait in recent
decades have altered the regional upward heat transport from
the ocean interior in such a way that over the last 25 years the
simulated Fh in the EB increased by ∼0.7 6 0.5 W m22 (estimated from the linear trend), in contrast with the lack of any
change of Fh in the central AB (e.g., see regional EB and AB
trends in Figs. 3a,b). This EB ﬂux change is not negligible, considering that the excess net energy ﬂux into the ice pack
required to explain the observed decay of sea ice coverage
over the several most recent decades is just ∼1 W m22 (Kwok
and Untersteiner 2011). In the AB, the simulated Fh values do
not exceed 1 W m22 in the central basin and are 2–3 W m22
over the slope and Chukchi Cap areas (Fig. 3b).
Placing these reanalysis-based estimates in the perspective
of existing sparse observations, we note that mean divergent
heat ﬂux of 10.4 W m22 inferred from mooring observations
in the eastern EB for ﬁve winters from 2013–14 through
2017–18 greatly (threefold) exceeded the previous estimates
of 3–4 W m22 derived from summer 2007–08 microstructure
observations over the Laptev Sea slope and winter 2009–10

TABLE 2. Regional Arctic trends in 1993–2017 from ORAS5 and observations for the EB’s region EBe and AB’s abyss and slope
regions ABa and ABs. The top section shows surface mixed layer (SML) trends of potential temperature u and salinity S. The
bottom section shows halocline trends of potential temperature u, salinity S, and available potential energy APE. Italic font indicates
trends that are not statistically signiﬁcant.
EBe region
ORAS5

ABslope region

ABabyss region

Obs

ORAS5

Obs

Arctic surface mixed layer (0–50 m)
u (8C decade21)
0.01
S (psu decade21)
20.01

0.22
20.09

0.01
20.02

0.28
20.91

0.01
20.04

0.11
20.56

Arctic halocline (75–150 m)
u (8C decade21)
S (psu decade21)
APE (J m22 decade21)

0.014
0.047
21844

0.001
20.001
1916

0.143
20.326
50 658

0.0003
20.002
3847

0.161
20.202
54 841

0.0001
0.0001
21636

ORAS5

Obs
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FIG. 3. Evolution in time of oceanic heat ﬂuxes Fh (W m22) in the EB’s region EBe as evidenced from by
(a) Fh at 50 m, and by Hovmöller diagrams of long-term (c) seasonal means and (e) annual trends of Fh.
(b),(d),(f) As in (a), (c), and (e), but for the AB’s regions ABa and ABs (areas are indicated in Fig. 1). Also
shown are ORAS5-based maps of the 1993–2017 (g) mean and (h) decadal linear trends of oceanic heat ﬂux Fh
at 50-m depth [positive (red) is upward]; hatching is added where trends are not statistically signiﬁcant following
Student’s t test.
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FIG. 4. (top) Climatological February–April sea ice drift in (a) SEAS5 1993–2020 and (b) NSIDC data 1993–2018, and (c) their difference (colors depict ice speed; m s21). (bottom) Decadal trends in February–April sea ice drift in (d) SEAS5 1993–2020 and (e) NSIDC
data 1993–2018, and (f) their difference (colors depict ice speed trend; m s21 decade21).

observations in the central Amundsen Basin (Polyakov et al.
2020a). Thus, the simulated EB Fh is within the range of
regional observations, while the increase in the simulated Fh
is somewhat weaker compared with observational estimates.
The magnitude of the simulated Fh in the AB is highly consistent with observations staying within 0.1–0.3 W m22 in the
central basin and reaching several watts per square meter at
the steep topography (see Table 1 from Carmack et al. 2015).
It is essential for the goals of our study that the model captures the general tendency of increasing EB Fh and lack of
trend in the central AB; considering that the magnitude of
changes in the EB is underestimated by the model, the conclusions derived here should be viewed as conservative.
The reanalysis-based seasonal cycle in the upper (SML 1
halocline) ocean is also strikingly different in the EB and AB
(Figs. 3c–f). In both basins the model simulates SML cooling
associated with heat losses by the upper ocean (and positive
Fh at the base of the SML) in winter and SML warming as a
result of atmospheric radiative forcing (and negative Fh at the
base of the SML) in summer. In the EB, however, winter ventilation is not limited by the SML as in the AB. Instead, it
penetrates the deeper halocline layers reaching 200-m depth
(Fig. 3c), resonating with recent mooring observations of profound halocline ventilation in the eastern EB (e.g., Polyakov

et al. 2020a). Transition of the upper ocean from cooling to
warming occurs in mid-April. Figures 3e and 3f show that
these basic features of the upper ocean ventilation were
ampliﬁed by the trend in recent decades. It is manifested as a
strong increase in time of atmospheric energy pumped into
the SML in summer in both basins and enhanced AW heat
losses from the EB interior through the halocline in winter.
This reanalysis-based ﬁnding is consistent with and provides
broader geographical context to recent observations (PérezHernández et al. 2019; Polyakov et al. 2017, 2020a).

c. Sea ice drift in SEAS5
Switching now to the forecast model, SEAS5-simulated
winter [February–April (FMA)] sea ice drift averaged over
1993–2018 is shown in Fig. 4a. For comparison, Fig. 4b shows
FMA sea ice drift derived from 1993 to 2018 satellite observations and Fig. 4c shows their differences (see section 3 for
details). The model successfully reproduces all major features
of the Arctic sea ice drift, as attested by rather small differences of simulated and observed ice drift vectors that do not
exceed 1 cm s21 in the Arctic Ocean proper; greater errors
are found at the Arctic Ocean periphery (Fig. 4c), which is
not relevant to our analysis of Arctic sea ice predictability.
Namely, the simulated climatologic pattern of sea ice drift is
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FIG. 5. Maps of (top) climatology (1993–2020) and (bottom) linear trend of February–April seasonal ice thickness changes in SEAS5
forecasts (introduced in section 3 and deﬁned as dH/dt). Shown are (a),(d) total ice thickness change and its decomposition into
(b),(e) thermodynamic and (c),(f) advective contributions. Overlaid vectors in (c) and (f) indicate the climatology and trend, respectively,
of ice velocity. Conversion factor from cm month21 to W m22 is ∼1.18.

realistically dominated by the anticyclonic Beaufort Gyre,
which is the key to control perennial ice in the western Arctic
(e.g., Babb et al. 2020) and the Transpolar Drift carrying ice
from the Siberian Arctic toward Fram Strait. The Pan-Arctic
pattern of ice drift converges sea ice at the northern coast of
Greenland and the Canadian Arctic Archipelago (Kwok
2015), establishing the thickest sea ice in the Arctic (Bourke
and Garrett 1987).
As demonstrated in Figs. 4d–f, the model underestimates
trends in sea ice drift when compared to satellite-based estimates. Satellite observations reveal a pan-Arctic increase in
ice drift speeds, which Rampal et al. (2009) and Spreen et al.
(2011) ascribed to the mechanical weakening of the Arctic ice
pack. Particularly apparent from satellite observations is an
accelerated ice drift in the southern Beaufort Sea. Overall,
simulated ice drift speeds are not changed much over the last
three decades in the EB; there was some nearslope intensiﬁcation of ice drift in the eastern EB whereas in the western
EB, contrary to observations, slight negative trends dominated the Transpolar Drift. However, the model was successful in simulating the observed acceleration of the Beaufort
Gyre in recent decades. The simulated ice motion along the
southern ﬂank of the climatological Beaufort Gyre accelerated at the rate of 1–2 cm s21 decade21. The acceleration of

westward ice drift along the Beaufort Gyre’s southern
boundary decreases ice residence time in the region and
promotes more rapid advection of thick ice from the area
north of the Canadian Archipelago which, as we show later,
is critical for the change of seasonal sea ice predictability in
the region.

d. Changes in seasonal sea ice evolution in SEAS5
forecasts
We now turn to results from seasonal predictions initialized
from ORAS5 on 1 February. The 1993–2020 winter (FMA)
climatology from SEAS5 shows expected patterns of seasonal
ice thickening (Fig. 5a), with a strong thermodynamic contribution everywhere except for the ice edge (Fig. 5b), and ice
convergence at the sea ice edge and toward the Canadian
Arctic Archipelago (Fig. 5c). However, analysis of trends
highlights differences in the role of dynamic and thermodynamic drivers in shaping the Arctic sea ice changes at regional
scales (Figs. 5d–f). The most signiﬁcant changes in the rates of
the simulated thermodynamic sea ice production are found in
the northern Kara, Barents, and Greenland Seas (Fig. 5e).
In the Arctic Ocean proper, the simulated thermodynamic
sea ice changes show noticeably weaker trends, with reduction
of sea ice production along the Canadian Arctic Archipelago
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FIG. 6. Maps of 1993–2020 mean (a)–(c) February–April and (d)–(f) May–September predictable components (PCs) of (a),(d) total ice
thickness change PCTot and its decomposition into (b),(e) thermodynamic PCTh and (c),(f) advective PCAd contributions. The start date of
the forecasts is 1 Feb.

and Nansen Basin, and increased rate of thickening elsewhere
(Fig. 5e). Particularly, we emphasize a reduced thermodynamic winter ice production rate in the eastern EB}a clear
sign of Atlantiﬁcation}as evidenced by ∼20.5–1.0 cm
month21 decade21 trend, which is equivalent to a ∼10–20-cm
decrease of winter sea ice growth over the last 35 years. The
model underestimates the observed thermodynamic sea ice
loss rates (cf. with 78–93-cm reduction of sea ice growth from
the early 2000s to 2017–18; Polyakov et al. 2020a); however,
even this conservative estimate represents a sizeable (∼10%)
contribution to regional sea ice reduction in the eastern EB
(Fig. 5b; Labe et al. 2018).
At the same time, Figs. 5d–f provide compelling evidence
that many regional features of the Arctic winter sea ice
changes in 1993–2020 were shaped by changes in sea ice
dynamics rather than thermodynamic ice growth/melt (cf.
Figs. 5f and 5d). It is corroborated by reasonably high [R =
0.51 (0.46, 0.57)] pattern correlation between spatial distributions of trends of sea ice thickness and its advective constituent (pattern correlation is estimated using all available
spatially distributed pairs of values of two parameters; values
in the parentheses represent the 95% conﬁdence interval
based on a bootstrapping method). Particularly, an accelerated Beaufort Gyre resulted in weaker sea ice convergence

along the Canadian Arctic Archipelago and stronger convergence in the Amerasian Basin (e.g., Proshutinsky et al. 2009).
One of the consequences of the accelerated ice drift along the
southern ﬂank of the Beaufort Gyre was westward advection
of thick ice from the area north of the Canadian Arctic Archipelago. As we will see in the next section, these regionally different trends have strong implications for the predictability of
seasonal evolution of Arctic sea ice. Finally, we note that thermodynamic and dynamic contributions to the sea ice thickness trend are not independent [cf. Figs. 5e and 5f; pattern
correlation R = 20.86 (20.88, 20.83)], which makes identiﬁcation of drivers of Arctic sea ice changes difﬁcult.
In the following section we evaluate pan-Arctic and regional
effects of change of sea ice dynamics and ice growth/melt on
seasonal predictability of the Arctic sea ice.

5. Predictability of seasonal sea ice thickness evolution
a. Dynamic and thermodynamic factors controlling
predictability of Arctic sea ice
Figure 6 shows 1993–2020 averages in the predictable component (PC; see section 3) of the total sea ice thickness
change, and contributions from thermodynamic and dynamic
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components, in forecasts initialized on 1 February. Analysis is
carried out for winter (February–April) when sea ice experiences direct impact of heat from the ocean interior and no
atmospheric shortwave radiative forcing, and for summer
(May–September, but still based on the same forecasts started
in February). Winter preconditioning is argued as an important factor for predictability of summer sea ice state (e.g., Day
et al. 2014; Chevallier and Salas-Melia 2012). For reference,
Fig. S1 in the online supplemental material shows a decomposition of PC into ensemble mean and total spread as well as its
interdecadal changes. Note that PC of the total sea ice thickness is not the sum of the PCs of the thermodynamic and
dynamic components as each PC represents a normalized
quantity, and the separation provides a qualitative description
only.
At regional scales, the 1993–2020 PC of total ice thickness
change is dominated by the PC of ice advection in the central
Arctic (Figs. 6a,c) as evidenced by their pattern correlation
R = 0.95 (0.94, 0.96) in the area north of 608N, whereas contribution of thermodynamic ice production increases southward
and becomes notable in the marginal Arctic and sub-Arctic
seas (Fig. 6b). It is important to note that the PC used in this
study is a model-based metric that does not use observations.
Nevertheless, when we deﬁne PC in observations as a correlation between ensemble mean forecasted and observed seasonal change of the total sea ice thickness divided by model
spread (see also Eade et al. 2014) we ﬁnd qualitatively similar
results (not shown). Figure S1b shows that the Barents and
Kara Seas seem to be the only places where ice production
ensemble-mean variability sensmean is high away from the
ice edge. This conﬁrms the important role of ocean heat
ﬂux in shaping regional predictability of sea ice. Moreover,
Figs. S1g–l conﬁrm the ﬁnding of Tietsche et al. (2014) that
advective contributions to thickness variability are ampliﬁed
along the coasts (see their Fig. 3). The fact that this is much
more pronounced for stotal (Fig. S1i) than sensmean (Fig. S1c)
suggests that this is unpredictable variability, presumably
wind-driven.
Considering summer (May–September) PCs, we ﬁnd that
both dynamic (PCAd) and thermodynamic (PCTh) components of PC, as well as the total PC (PCTot), decay with progression from winter to summer (cf. Figs. 6a–c and 6d–f).
While decay of PC at long lead times is expected, the lower
PCs in summer do not stem from the long lead times. They
are equally low for forecasts initialized in May (Fig. S2). This
is aligned with the previous ﬁndings of lower skill in seasonal
sea ice volume forecasts in summer (e.g., Day et al. 2014) due
to the sea ice spring predictability barrier (Bushuk et al.
2020).
Unsurprisingly, the predictability of seasonal (growth-tomelt) evolution of pan-Arctic sea ice is dominated by thermodynamics as evidenced by close resemblance between total
PCTot and its thermodynamic component PCTh (Fig. 7a). Both
pan-Arctic PCTh and PCTot rapidly go down from PC ∼ 0.8 in
May to PC ∼ 0.4 in July. This winter-to-summer pattern is consistent with seasonal evolution toward thinner, more mobile,
and less predictable sea ice (Holland et al. 2008; Goosse et al.
2009, Blanchard-Wrigglesworth et al. 2011b). The dominance

of PCTh over PCAd in shaping PCTot is expected since, at these
spatial scales, the advection mostly redistributes sea ice within
the domain without adding or removing ice. As we see next,
this is not true at regional scales where advection becomes an
important contributor to sea ice seasonal evolution and, thus,
its predictability.
Indeed, Figs. 7b and 7c show that both advection (convergence) and thermodynamics play an important role in shaping
predictability of basin-scale seasonal sea ice changes. Predictability of the thermodynamic component PCTh is greater
than predictability of the advective component PCAd in all
months in both EB and AB (Figs. 7b,c). However, the variance (both total and ensemble mean) of advective tendencies
is larger than the variance of thermodynamic tendencies
(Figs. 7e,f,h,i), which gives the advective tendencies more
weight in the PC of total tendencies. Covariances between
advective and thermodynamic tendencies also play a role.
In summary, while both advective and thermodynamic tendencies play an important role in shaping predictability of
basin-scale seasonal sea ice changes, it seems that the advective tendencies are dominant.
Having a closer look at processes controlling sea ice predictability in the AB and EB, we note that observations and
our modeling results demonstrate an acceleration of the
Beaufort Gyre (particularly along its southern ﬂank) in recent
decades, which promotes more rapid advection of thick ice
from the area north of the Canadian Archipelago. We
hypothesize that this pattern dominates seasonal sea ice predictability in the AB in winter and summer (Figs. 6c,f). Processes associated with sea ice growth/melt due to increased
inﬂux of anomalously warm PW may be responsible for
enhanced PCTh in this basin. At the same time, in the eastern
EB, PCAd increases from February through April (Fig. 6c);
however, Fig. 6f shows that starting from May, regional PCAd
decreases due to loss of seasonal sea ice cover. Sea ice
growth/melt drives contrasting regional changes of PCTh in
the EB, with much stronger increase of PCTh in the Nansen
Basin and weaker increase in the Amundsen Basin for February–April (Fig. 6b); in the latter basin, this weak increase is
replaced by weakening of PCTh in May–September (Fig. 6e).
This pattern is consistent with the pathway of the AW into
the EB (Fig. 1).

b. Change of Arctic sea ice predictability in time
At pan-Arctic scales, PCTot of the total sea ice change
shows an increase of predictability in winter [here deﬁned as
February–May (FMAM)] and decrease in summer [June–
September (JJAS)] during the recent (2007–20) period compared with the earlier one (1993–2006) (Fig. 8a). This complex
pattern is caused by a contrasting change in predictable components PCTh and PCAd. Since the mid-2000s, predictability
expressed by advective component PCAd is reduced from
March through April. It should be kept in mind that the
advective component is computed indirectly (see section 3)
and hence represents the residual of two large terms when
considering pan-Arctic advection. This estimate thus may be
contaminated by diagnostic inaccuracies and should be
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FIG. 7. (a)–(c) Predictable component (PC), (d)–(f) variances of the ensemble means, and (g)–(i) total variances of sea ice thickness
change (dH/dt)Tot and its decomposition into thermodynamic (dH/dt)Th and dynamic (dH/dt)Ad components averaged over (a),(d),(g) the
entire Arctic, (b),(e),(h) the Eurasian Basin and (c),(f),(i) the Amerasian Basin. All values are based on reforecasts initialized on 1 Feb
and averaged over 1993–2020. The values represent the PCs for accumulated changes since the beginning of the forecasts, i.e., September
dH/dt represents the PC of thickening from February to September.

interpreted with care. Nevertheless, the generally reduced values of PCAd in the late period are plausible and in line with
reduced Arctic sea ice export in recent years, which is also
reﬂected by a substantial reduction by ensemble mean variance of ice advection (see Fig. 8d). The PCTh shows an
increase throughout the growth-to-melt season (Fig. 8a). At
the same time, both pan-Arctic ensemble mean and total variances of the thermodynamic component greatly exceed those
of the advective component (Figs. 8d,g), suggesting that temporal change of PCTot is dominated by changes of PCTh.
At regional scales, the change in time of the seasonal pattern of the AB PCTot bears similarities to the one of the panArctic PCTot (Figs. 8a,c). PCTot in the AB is increased in
February–March and again in September and decreased in
summer months in the recent period, which is consistent with
regional changes of PCAd and is possibly related to speedup
of the Beaufort Gyre. The reduction of PCAd and consistent
changes of PCTot in the AB at lead months from July through
August in 2007–20 coincide with a strong decrease of ensemble mean variance of the advective contribution in summer
(Fig. 8f). The latter may be related to the generally thinner
ice in the recent period, which leads to a reduction of

ensemble mean variance of advection. At the same time, the
AB thermodynamic component of sea ice change shows a sizable increase of predictability in recent decades in all months
of the ice growth-to-melt season (Fig. 8c). However, higher
variance of the advective component suggests stronger inﬂuence of this component on the total predictability in the AB
(Figs. 8e,f,h,i).
As in the AB, the EB PCTh shows an increase in recent
decades at all lead times (which may be interpreted as a ﬁngerprint of Atlantiﬁcation) whereas predictability of advective component is reduced in all months over 2007–20
compared with 1993–2006. This, together with higher variances of the advective component (Figs. 8e,h), dominates the
decline of predictability of the total sea ice change in the
EB. Figure 8 also suggests that in both EB and AB and at
pan-Arctic scale, variance of thermodynamic component
increases only slightly but variance of advective component
decreases strongly. That supports our ﬁnding that there is an
increased predictability from thermodynamics, but it is overshadowed by strong changes in sea ice advection contribution to forecast uncertainty. Finally, we note that negative
covariance between effects of advection and thermodynamics
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FIG. 8. (a)–(c) Predictable component (PC), (d)–(f) variances of the ensemble means, and (g)–(i) total variances of sea ice thickness
change (dH/dt)Tot and its decomposition into thermodynamic (dH/dt)Th and dynamic (dH/dt)Ad components averaged over (a),(d),(g) the
entire Arctic, (b),(e),(h) the Eurasian Basin, and (c),(f),(i) the Amerasian Basin. All values are based on reforecasts initialized on 1 Feb
and averaged over 1993–2006 (early period; solid lines) and 2007–20 (late period; broken lines). The values represent the PCs for accumulated changes since the beginning of the forecasts, i.e., September dH/dt represents the PC of thickening from February to September.

increases with lead time for ensemble means, but it stays relatively ﬂat for total variance, suggesting an increasing negative
contribution to total PC from the interaction of advection and
thermodynamics.

6. Discussion and concluding remarks
In this paper, a combination of state-of-the-art eddy-permitting ocean-sea ice ensemble reanalysis ORAS5 and
dynamic seasonal forecasting system SEAS5 is used to study
effects of sea ice dynamics and thermodynamics on seasonal
(growth-to-melt) Arctic sea ice predictability. The reanalysis
product used to initialize the forecasts was extensively tested
and demonstrated reasonable skill in representing major
observed regional oceanic and sea ice changes. Particularly,
this product was skillful in reproducing the observed intensiﬁcation of ice drift associated with the Beaufort Gyre in the
1990s–2010s. The reanalysis showed the observed saliniﬁcation of the EB halocline, with attendant reductions in stratiﬁcation, and ampliﬁed upward heat ﬂuxes. Also in accordance

with observations (e.g., Proshutinsky et al. 2019; Polyakov
et al. 2020b), the reanalysis showed opposing changes in the
AB halocline where freshening increases stratiﬁcation and
limits communication between the SML and sea ice on one
side and the ocean interior on another side. These reanalysis
capabilities are critical considering the problems which current generation of the general circulation models have with
simulating the evolution of Arctic halocline (e.g., Khosravi
et al. 2022). As a word of caution, we add here that the reanalysis underestimated signiﬁcantly the rates of saliniﬁcation in
the EB halocline and freshening in the AB halocline compared to available observations; that may lead to underestimating of the effects of thermodynamics on Arctic sea ice
predictability in this study.
We demonstrate that thermodynamics (growth/melt) is
dominant in deﬁning the mean state of sea ice thickness, both
at pan-Arctic and regional scales, as well as the seasonal
(growth-to-melt season) predictability of the mean pan-Arctic
sea ice in 1993–2020. We reiterate here, however, that thermodynamic and dynamic contributions to the sea ice thickness
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changes are not independent, which makes identiﬁcation of
drivers of Arctic sea ice changes difﬁcult. These interactions
between the thermodynamics and advection components
require special attention and further studies. It may be plausible that a feedback mechanism in which winter convection
in the EB, ice export, and regrowth in winter close to continental margins may play a role. Polyakov et al. (2020a) also
suggested that a stronger dynamic and thermodynamic coupling between atmosphere, ice, and ocean in the eastern
Arctic in the recent decade resulted in developing a feedback mechanism. However, feedbacks between the two
components have likely a small impact on sea ice predictability, compared to individual contributions. The complex
role of dynamic and thermodynamic forcings in shaping
regional sea ice concentrations north of Svalbard and east
of Greenland was also discussed by Lundesgaard et al.
(2021) and Våge at al. (2018), respectively.
Analysis of forecasts initialized in February show that panArctic predictability of both total sea ice change and its thermodynamic component decreases steadily from winter to summer; and the relatively low predictability of summer sea ice is
also evident in forecasts initialized in May. This is probably
related to the spring predictability barrier in which negative
feedbacks from sea ice growth play an important role (Tietsche
et al. 2011; Bushuk et al. 2020) as well as to increased inﬂuence
of atmospheric ﬂuxes in summer as indicated by increase of
total variance in summer (Fig. 4a; see also Tietsche et al. 2015).
Evolution of predictability of advective component at pan-Arctic scales with lead time is not monotonic, reaching a maximum
in June and a minimum in August, which is consistent with seasonal evolution toward thicker, less mobile, and more predictable sea ice in winter (Holland et al. 2011). On the other hand,
at regional scales predictability of sea ice is dominated by sea
ice dynamics, while the contribution from sea ice growth/melt
remains perceptible.
Change of predictability of sea ice is a ﬁngerprint of climate change. The existing analyses are not conclusive, however, as they are strongly dependent on model setup, initial
conditions, and region, and whether sea ice area, thickness,
or volume are examined [see reviews, e.g., Guemas et al.
(2014), for discussion therein]. Our results demonstrate
competing inﬂuences of sea ice dynamics and thermodynamics on temporal (1993–2020) change of predictability
with increasing predictability caused by thermodynamic
growth, attributed to increased late-winter to spring ocean
heat ﬂux, and decreasing predictability due to advection. In
that, the role of advection increases as the region of interest
becomes smaller. Indeed, we show that advection of sea ice
has no impact on seasonal sea ice predictability at panArctic scale (Figs. 7a and 8a), with considerable inﬂuence
on basin scales (EB/AB; Figs. 7b,c and 8b,c), dominating
predictability at smaller regional scales (Fig. 6). To verify
that our results are not model dependent, the approach of
this study should be repeated with other forecast systems.
Previous studies evaluated the role of various factors in
restraining Arctic sea ice predictability (see section 1 and the
references therein). In this study, for the ﬁrst time, the role of
thermodynamic and dynamic contributions to change of
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Arctic sea ice predictability was evaluated and the role of
each factor at pan-Arctic and regional scales is accentuated.
Sea ice drift is often overlooked when evaluating sea ice forecasts, but given our results it probably needs much more
attention in developing reliable regional sea ice predictions.
Furthermore, with a projected increase of freshening of the
upper Arctic Ocean in the twenty-ﬁrst century (Khosravi et al.
2022), the enhanced oceanic stratiﬁcation would lead to
reduced ocean heat ﬂuxed from the ocean interior to the bottom of sea ice, thus further strengthening the role of advection in shaping Arctic sea ice and reducing summer sea ice
predictability. Finally, we note that this study delivers critical
information about sea ice predictability in the “new Arctic”
conditions, increasing awareness regarding sea ice state and
implementation of sea ice forecasts for the needs of shipping,
high-latitude tourism, ﬁshing, industry, etc., which all depend
on accurate seasonal sea ice forecasts.
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